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Abstract: The common raven (Corvus corax; raven) is a nest predator of species of

conservation concern, such as the greater sage-grouse (Centrocercus urophasianus).
Reducing raven abundance by take requires authorization under the Migratory Bird Treaty
Act. To support U.S. Fish and Wildlife Service’s take decisions (e.g., those that authorize
killing a specified proportion or number of individuals annually in a defined area), including the
most recent one for Oregon’s Baker County Priority Area for Conservation (PAC), we modeled
raven population dynamics under hypothetical scenarios with take rates ranging from below
to above the maximum sustained yield (MSY; i.e., trmsy = 0.01−0.60). We fit a Bayesian statespace logistic model to estimate abundance based on the Breeding Bird Survey route-level
count data for the PAC during 1997−2019 and Great Basin Region (GBR) during 1968−2019.
We predicted abundance for 2019−2030 and evaluated potential take levels (PTL) for the PAC
and GBR. Abundance averaged 682 (SE = 93) for the PAC during 1997−2019 and 333,027
(SE = 20,504) for the GBR during 1968−2019. With take rates between 0.41 and 0.60,
predicted abundance averaged 308 (SD = 405) for the PAC and 142,258 (SD = 53,474) for the
GBR during 2019−2030. With management factor F = 0.75−2 for takes ranging from below to
above the MSY, the PTL 50th percentiles were 150−401 yr−1 for the PAC and 60,457−161,219
yr−1 for the GBR. Our modeling framework is flexible and can be part of a comprehensive
management strategy for ravens in the western United States.
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The Common raven (Corvus corax; raven)
has a suite of biological and behavioral traits
that are associated with successful colonization
of human-altered environments, including early maturity, high reproductive rates, sociality
during the breeding and nonbreeding periods,
and great mobility while searching for food
(Boarman and Heinrich 2020). Ravens are omnivorous habitat generalists that have benefited
from human-related resource subsidies, including food waste at landfills and human-made
structures along energy transmission corridors,
which they can use for perching, roosting, and
nesting (Kristan and Boarman 2007, Coates et

al. 2014, Howe et al. 2014, Restani and Lueck
2020). Concomitantly, ravens are now one of
the most abundant native bird species with
the Breeding Bird Survey (BBS) nationwide
population trend estimated to be 2% growth
yr−1 (95% credible interval = 1.5−2.4%; Sauer et
al. 2020) and the most recent Partners in Flight
(PIF) population size estimate reaching 2.52
million (95% confidence interval = 1.72−3.58;
Will et al. 2020).
The increase of raven abundance has caused
economic losses, posed health and safety hazards, and affected species of conservation concern, such as the greater sage-grouse (Centro-
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degradation of sagebrush ecosystems),
male sage-grouse lek counts have declined by 75.6% in Oregon’s Baker County Priority Area for Conservation (PAC)
since 2005 (Foster 2019). Raven densities
above 0.40 km−2 have been associated
with sage-grouse nest survival rates below 25% in the Great Basin Region (GBR;
Coates et al. 2020). Nest depredation can
affect sage-grouse population dynamics
at local and regional scales (Taylor et al.
2012).
To support USFWS take decisions
(e.g., those that authorize killing a specified proportion or number of individuals annually in a defined area; USFWS
2021), we simulated raven population
dynamics for the PAC and GBR under
4 hypothetical scenarios, with take rates
ranging from below to above the maximum sustained yield (MSY; i.e., trmsy =
0.01−0.60). Scenario 1: below the MSY,
Figure 1. Study area showing the Breeding Bird Survey
with take rates varying randomly beroutes used to estimate common raven (Corvus corax)
tween 0.01 and 0.20 during 2019−2030.
abundance in Oregon’s Baker County Priority Area for
Conservation during 1997–2019 and the Great Basin
Scenario 2: near or at the MSY, with take
Region during 1968–2019.
rates varying randomly between 0.21
and 0.40 during 2019−2030. Scenario 3:
cercus urophasianus; sage-grouse) through nest above the MSY, with take rates varying randepredation (Coates and Delehanty 2010, Lock- domly between 0.41 and 0.60 during 2019−2030.
yer et al. 2013, Dinkins et al. 2016, Coates et al. Scenario 4: above and below the MSY, with take
2020, Peebles and Spencer 2020). However, ra- rates varying randomly between 0.41 and 0.60
vens are protected by the Migratory Bird Treaty during 2019−2023 and between 0.01 and 0.20
Act (MBTA 16 USC §§ 703-712), which prohib- during 2024−2030. We did not expect scenario 1
its lethal control methods (e.g., shooting, bait- to cause abundance declines, with the PAC and
ing with toxicants, nest removal, or egg oiling; GBR raven populations reaching equilibrium at
Peebles and Spencer 2020) unless authorized by or near carrying capacity (i.e., Neq ~ K; Runge et
the U.S. Fish and Wildlife Service (e.g., through al. 2009). Under scenario 2, we expected abuna scientific collecting permit, 50 CFR 21.23; US- dance declines, with the population reaching
FWS 2021). Permit decisions require evaluation equilibrium at about half of carrying capacity
of population responses under the National En- (i.e., Neq ~ K/2). We expected sharp abundance
vironmental Policy Act (NEPA 42 USC §§ 4321). declines under scenarios 3 and 4 (i.e., densiHuman–raven and predator–prey interactions ties <0.40 km−2). However, under scenario 4,
can be challenging for wildlife managers deal- we simulated a 5-year control period (densiing with conflicting objectives, including the ties < 0.40 km−2) followed by a 7-year recovery
conservation of migratory species under the period (densities > 0.40 km−2). Our objectives
MBTA and meeting NEPA obligations, while were to (1) fit a Bayesian state-space logistic
managing species listed under the Endangered model to estimate raven abundance using the
Species Act (ESA 16 USC §§ 1531−1544) or other BBS route-level count data for the PAC during
special status and minimizing human–wildlife 1997−2019 and GBR during 1968−2019, (2) genconflicts.
erate the posterior distributions of population
Although sage-grouse populations can be and management parameters (e.g., maximum
affected by multiple factors (e.g., the loss and population growth rate rmax and maximum sus-
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tained take rate trmsy), (3) make model-based
abundance predictions with varying take rates
for 2019−2030, and (4) evaluate potential take
levels (PTL) for the PAC and GBR to provide
an example of local and regional scales in the
western United States.

Study area

tive detection radius means, standard errors
(SE), and 95% confidence intervals (CI) from
values reported by Bui et al. (2010), O’Neil et al.
(2018), Coates et al. (2020), and L. Perry (Oregon State University, unpublished data). Detection probability averaged 0.325 (SE = 0.027, 95%
CI = 0.277−0.384) for all ravens available and
detectable (i.e., heard or seen) within an effective detection radius that averaged 418 m (SE =
26, 95% CI = 371−475). We multiplied density
estimates by 1,361 km2 and 746,900 km2 to obtain population size estimates for the PAC and
GBR, respectively (i.e., Nˆ= Dˆ × A ). We used
nonparametric bootstrapping with 10,000 iterations to estimate the SE and CI of detection
probability, effective detection radius, and the
BBS-derived abundance estimates (Efron and
Tibshirani 1993). We fit the Bayesian state-space
logistic model with the BBS-derived abundance
estimates (see below).

The PAC covered 1,361 km2 and the GBR
with adjoining shrub-steppe covered 746,900
km2 (Figure 1). Crop and livestock farming
were the primary use of privately owned nonforested rangelands (i.e., grasslands and shrublands). Native vegetation was characterized by
species such as Wyoming big sagebrush (Artemisia tridentata wyomingensis), black sagebrush
(A. nova), little sagebrush (A. arbuscula) at elevations <2,100 m, and mountain big sagebrush (A.
t. vaseyana) at elevations >2,100 m. Maximum
elevation was 1,955 m in the PAC and 4,421 m
in the GBR. For additional information about
the PAC and GBR, see Cupples et al. (2017), Bayesian state-space logistic model
O’Neil et al. (2018), Foster (2019), and Coates et and potential take levels
al. (2020).
We assumed linear density dependence and
modeled annual changes in raven abundance
with the standard logistic equation (Williams
Methods
et al. 2002, Runge et al. 2009, Clark et al. 2010,
Survey-based abundance estimates
We used the BBS count data from a route Rivera-Milán et al. 2016). That is,
with 41 counting stations within the PAC dur
 N 
Nt + 1 =
N t + rmax N t 1 −  t   − Tt . (2)
ing 1997−2019 and 266 routes with 50 counting
 K 

stations across the GBR during 1968−2019 (Figure 1). The routes extended 39.4 km in length
with counting stations separated by 0.8-km intervals. The BBS is conducted annually between
April and June. For more information about the
BBS design and methodology, refer to Sauer
and Link (2011), Sauer et al. (2017, 2020), and
Pardieck et al. (2020). We estimated density for
route i and year t as

=
Dˆ it cit / Pˆad × π × pˆ 2 .

(1)

where D̂ is the number of ravens km−2, c is
the average number of ravens counted per
route each year, π is a constant representing the
ratio of a circle’s circumference to its diameter,
and p̂ is the effective detection radius (Buckland et al. 2001). Because of the lack of data, we
assumed detection probability ( Pˆad ) remained
constant across all routes, counting stations,
and years.
We estimated detection probability and effec-

where rmax is the maximum intrinsic rate of
population growth, K is the population carrying capacity, Nt is the true unknown abundance
of the population, and Tt is the total number of
ravens taken in year t. Total take Tt = Nt × trt,
where trt is the take rate between year t and t
+ 1. We generated take rates randomly as part
of the Markov Chain Monte Carlo (MCMC)
algorithm with uniform distributions (i.e., tr ~
Uniform [0.01, 0.20], [0.21, 0.40], [0.41, 0.60], or
[0.01, 0.60]). We reparameterized the unknown
abundance as a proportion of population carrying capacity Nt/K to reduce autocorrelation of
the MCMC samples. We assumed the error of
state model predictions ε was lognormally distributed with mean 0 and estimated standard
deviation σprocess. Based on this reparameterization, we projected raven abundance forward in
time with

T

Pt + 1 =  Pt + rmax Pt (1 − Pt ) − t  eεt . (3)
K
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We modeled abundance proportion of the tion growth. We estimated unobserved populafirst year using a lognormal distribution with tion parameters and true unknown abundance
2
under the assumption of conditional indepenmean P0 and variance σ P . That is,
0
dence for each time step. We specified uniform
(4)
P1 ~ Lognormal ( P0 , σ 2P ).
priors with wide but realistic ranges for maxi0
mum population growth rate (e.g., rmax ~ UniWhile the process model in the state-space for- form [0.01, 1]), population carrying capacity
mulation accounted for our incomplete under- (e.g., K ~ Uniform [500, 5,000] for the PAC and
standing of raven population dynamics, we re- [100,000, 1,000,000] for the GBR), and the mean
lated true unknown abundance yt to the BBS- of initial abundance on the log scale (e.g., P0 ~
derived abundance estimates to account for ob- Uniform [−2, 0] for the PAC and [−5, 0] for the
2
servation variance σt , observation (Knape 2008). Be- GBR). For the standard deviations of process
cause the distribution of abundance estimates error and initial annual abundance proportion,
tends to be positively skewed (Buckland et al. we also specified uniform priors (e.g., σprocess
2001), we assumed a lognormal distribution for and σ P0 ~ Uniform [0, 2] or [0, 5]).
the observation variance. We transformed abWe generated parameter posterior distribuundance estimates to the natural logarithm scale tions by running program JAGS 4.3.0 (Plummer
and transformed bootstrapped standard errors 2003) within R 3.6.3 (R Development Core Team
to the standard deviations of the corresponding 2020) with package R2JAGS 0.6−1 (Su and Yajima
lognormal distribution. To complete the obser- 2020). We generated 250,000 iterations and used
vation model of the state-space formulation, we the first 50,000 iterations for a burn-in period. We
related true unknown abundance Nt = PtK to es- thinned 3 Markov chains by 25 to obtain samples
of 8,000 iterations per chain. We checked for contimated abundance with
vergence of the MCMC algorithm with trace plots
(5)
log ( yt ) = log ( Pt K ) + µt ,
and node summary statistics (e.g., Brooks-Gelman-Rubin diagnostic statistic R̂ < 1.01) and
where
2
(6)
made posterior predictive checks with Bayesian
µt ~ Normal (0, σt , observation ).
P-values (PB = 0.1−0.9; Gelman and Hill 2007). We
We assumed equal mortality probability for present results as means and MCMC standard
all ravens, regardless of age and sex class. We deviations with 2.5−97.5th percentiles.
also assumed additive mortality from natural
We estimated PTL for the PAC and GBR as:
and human-induced disturbances, although
r
(7)
the model formulation allowed for compensaPTL =F × max × N 2019− 2030 .
2
tion through linear density-dependent popula-

Figure 2. The Breeding Bird Survey derived abundance estimates (blue circles with
vertical lines for bootstrapped standard errors) and Bayesian state-space logistic
model posterior abundance estimates (red circles with vertical lines for Markov Chain
Monte Carlo standard deviations and dashed red lines for 2.5–97.5th percentiles) for
common ravens (Corvus corax) in Oregon’s Baker County Priority Area for Conservation during 1997–2030 (A) and the Great Basin Region during 1968–2030 (B).
Scenario 1: model-based predicted abundance with take rates below the maximum
sustained yield (i.e., tr ~ Uniform [0.01, 0.20]) during 2019–2030.
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Figure 3. Scenario 2: Common raven (Corvus corax) predicted abundance with take
rates near or at the maximum sustained yield (i.e., tr ~ Uniform [0.21, 0.40]) during
2019–2030. Symbols and descriptions as in Figure 2.

Figure 4. Scenario 3: Common raven (Corvus corax) predicted abundance with
take rates above the maximum sustained yield (i.e., tr ~ Uniform [0.41, 0.60]) during
2019–2030. Symbols and descriptions as in Figure 2.

Figure 5. Scenario 4: Common raven (Corvus corax) predicted abundance with
take rates above the maximum sustained yield (i.e., tr ~ Uniform [0.41, 0.60]) during
2019–2023 and take rates below the maximum sustained yield (i.e., tr ~ Uniform
[0.01, 0.20]) during 2024–2030. Symbols and descriptions as in Figure 2.

We used the 2.5−97.5th percentiles of maximum population growth rate and predicted
abundance (N2019−2030) with take rates tr ~ Uniform (0.01, 0.60) and management factor F =
0.75−2 to represent takes ranging from below to
above the MSY. For example, wildlife managers could hypothetically opt for rmax and N2019−2030

50th percentiles and F = 2, so that takes would
be above the MSY (i.e., PTL = rmax × N2019−2030). Alternatively, they could opt for rmax and N2019−2030
50th percentiles and F = 1, so that takes would be
near or at the MSY (i.e., trmsy = rmax/2, Neq = K/2,
and Tmsy = rmax K/4; Runge et al. 2009).
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Results

Survey-based abundance estimates

Based on the BBS route-level count data
for the PAC during 1997−2019, raven density
and population size averaged 0.50 km−2 (SE
= 0.07, 95% CI = 0.38−0.65) and 682 (SE = 93,
95% CI = 523−890; Figures 2A, 3A, 4A, and
5A). For the GBR during 1968−2019, density
and population size averaged 0.45 km−2 (SE
=0.045, 95% CI = 0.37−0.54) and 333,027 (SE =
20,504, 95% CI = 273,365−405,567; Figures 2B,
3B, 4B, and 5B). Density and population size
were 1.23 km−2 (SE = 0.38, 95% CI = 0.68−2.20)
and 1,670 (SE = 511, 95% CI = 930−3,000;
Figures 2A, 3A, 4A, and 5A) for the PAC
in 2019 and 0.46 km−2 (SE = 0.05, 95% CI =
0.37−0.57) and 341,814 (SE = 34,781, 95% CI =
280,155−417,044; Figures 2B, 3B, 4B, and 5B)
for the GBR in 2019.

Bayesian state-space logistic model
and potential take levels
Markov chains and node summary statistics
showed convergence of the MCMC algorithm
(e.g., Brooks-Gelman-Rubin diagnostic statistic,
range R̂ = 1.00−1.01). Bayesian P-values showed
no evidence of model lack of fit (range PB =
0.56−0.61). We provide the means, MCMC standard deviations, and 2.5−97.5th percentiles of
population and management parameters and
predicted abundance with take rates ranging
from below to above the MSY (i.e., tr ~ Uniform
[0.01, 0.60]; Table 1). Maximum population
growth rate and maximum sustained take rate
were 0.405 (SD = 0.085, 2.5−97.5th = 0.176−0.498)
and 0.203 (SD = 0.042, 2.5−97.5th = 0.088−0.249)
for the PAC and 0.451 (SD = 0.036, 2.5−97.5th =
0.370−0.498) and 0.226 (SD = 0.018, 2.5−97.5th =
0.185−0.249) for the GBR (Table 1). Predicted
abundance averaged 979 (SD = 513, 2.5−97.5th =
375−2,569) for the PAC and 350,749 (SD = 32,216,
2.5−97.5th = 293,074−419,773) for the GBR during 2019−2030 (Table 1).
Under scenario 1 (i.e., tr ~ Uniform [0.01,
0.20]), predicted abundance was 882 (SD =
634, 2.5−97.5th = 42−2,370; Figure 2A) for the
PAC and 344,146 (SD = 53,565, 2.5−97.5th =
249,157−459,172; Figure 2B) for the GBR during
2019−2030. Under scenario 2 (i.e., tr ~ Uniform
[0.21, 0.40]), predicted abundance was 671 (SD
= 424, 2.5−97.5th = 69−1,646; Figure 3A) for the
PAC and 287,702 (SD = 46,631, 2.5−97.5th =

204,580−386,164; Figure 3B) for the GBR during
2019−2030. Under scenario 3 (i.e., tr ~ Uniform
[0.41, 0.60]), predicted abundance was 308
(SD = 405, 2.5−97.5th = 6−1,345; Figure 4A) for
the PAC and 142,258 (SD = 53,474, 2.5−97.5th =
62,966−269,284; Figure 4B) for the GBR during
2019−2030. Under scenario 4 (i.e., tr ~ Uniform
[0.41, 0.60] for 5 years and tr ~ Uniform [0.01,
0.20] for 7 years), predicted abundance for the
PAC decreased to 335 (SD = 359, 2.5−97.5th =
0−1,396) during 2019−2023 and increased to
924 (SD = 952, 2.5−97.5th = 95−2,646) during
2024−2030 (Figure 5A). Under scenario 4,
predicted abundance for the GBR decreased to
159,125 (SD = 58,876, 2.5−97.5th = 71,858−291,513)
during 2019−2023 and increased to 269,698 (SD
= 43,152, 2.5−97.5th = 191,491−362,493) during
2024−2030 (Figure 5B).
We provide PTL 2.5−97.5th percentiles
with take rates tr ~ Uniform (0.01, 0.60) and
management factor F = 0.75−2 (Table 2). For
example, with rmax and N2019−2030 50th percentiles
(Table 1) and F = 0.75−2, the PTL 50th percentiles
were 150−401 yr−1 for the PAC (Table 2). With
rmax and N2019−2030 50th percentiles (Table 1)
and F = 0.75−2, the PTL 50th percentiles were
60,457−161,219 yr−1 for the GBR (Table 2).

Discussion

We derived abundance estimates from the
BBS route-level count data and used a simple
but flexible modeling framework, grounded in
harvest theory, to simulate raven population
dynamics with takes ranging from below to
above the MSY (Williams et al. 2002, Runge et
al. 2009, Clark et al. 2010, Johnson et al. 2012,
Rivera-Milán et al. 2016, Zimmerman et al.
2019). We generated the posterior distributions
of population and management parameters,
predicted abundance under hypothetical scenarios, and evaluated a range of PTL options
for the PAC and GBR. The PAC and GBR provided an example of local and regional scales in
the western United States.
The BBS was designed to estimate population
change over time from an index of abundance
across broad spatial scales (e.g., states/provinces
or Bird Conservation Regions; Sauer et al. 2017,
2020). The derivation of abundance estimates
(i.e., density and population size) from the BBS
route-level counts can be problematic because
the survey is entirely conducted along roads,
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Table 1. Common raven (Corvus corax) population and management parameters and predicted
abundance with take rates tr ~ Uniform (0.01, 0.60) for Oregon’s Baker County Priority Area
for Conservation (PAC) and the Great Basin Region (GBR) during 2019−2030. For parameter
definitions, see methods section for Bayesian state-space logistic model.
Area

Parameter

Mean

SD

2.5th

25th

50th

75th

97.5th

PAC

K

1,490

330

800

1,256

1,525

1,761

1,978

rmax

0.405

0.085

0.176

0.364

0.431

0.471

0.498

Neq

745

165

400

628

762

881

989

Tmsy

152

48

53

119

155

189

232

trmsy

0.203

0.042

0.088

0.182

0.216

0.236

0.249

σ process

0.274

0.199

0.016

0.126

0.229

0.369

0.804

N2019−2030

979

513

373

725

930

1,235

2,569

K

549,393

36,355

467,424

525,571

554,883

579,944

598,157

rmax

0.451

0.036

0.370

0.429

0.458

0.481

0.498

Neq

274,697

18,177

233,712

262,785

277,442

289,972

299,078

Tmsy

61,926

6,018

49,695

57,766

62,113

66,467

72,294

trmsy

0.226

0.018

0.185

0.214

0.229

0.240

0.249

σ2process

0.002

0.002

0.000

0.000

0.001

0.002

0.008

N2019−2030

350,749

32,216

293,074

329,084

352,007

375,325

419,773

2

GBR

Table 2. Common raven (Corvus corax) potential take levels 2.5−97.5th percentiles
with management factor F representing takes below, equal, or above the maximum
sustained yield for Oregon’s Baker County Priority Area for Conservation (PAC)
and the Great Basin Region (GBR) during 2019−2030. For rmax and N2019−2030 2.5−97.5th
percentiles, see Table 1.
Area

F

2.5th

25th

50th

75th

97.5th

PAC

0.75

25

99

150

218

480

GBR

1

33

132

200

291

640

2

66

264

401

581

1,279

0.75

40,664

52,941

60,457

67,699

78,393

1

54,219

70,589

80,610

90,266

104,523

2

108,437

141,177

161,219

180,531

209,047

which can lead to biased spatial sampling due
to nonrandom placement of counting stations
with respect to raven distribution (Buckland et
al. 2001, Handel and Sauer 2017, Veech et al.
2017). Notably, only 41 of 50 counting stations
of a BBS route were within the PAC, which may
have excluded remote areas occupied by
ravens. Detection probability and its variation
cannot be estimated from the BBS route-level
counts (Nichols et al. 2009, Sauer et al. 2017).
Detection probability has at least 2 components,
availability and detectability (i.e., Pˆad= Pˆa × Pˆd ),
assuming raven presence in the surveyed areas
of the PAC and GBR (Buckland et al. 2001,

Nichols et al. 2009). In addition, the BBS design
and methodology may be inadequate to
estimate abundance in areas where ravens
concentrate in large numbers, such as roosts at
or near landfills.
However, the BBS-derived abundance estimates, for which due to the lack of corrected
count data we assumed constant detection
probability across all routes and years, seemed
reasonable when compared to the on-road
and off-road distance-sampling abundance estimates reported by Bui et al. (2010: table 1),
Coates et al. (2020: table D.3), and L. Perry (Oregon State University, unpublished data). For
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example, Coates et al. (2020) estimated a raven
density and population size of 0.89 km−2 (SE =
0.18) and 1,209 (SE = 248) for the PAC in 2016.
In comparison, the BBS-derived density and
population size estimates were 0.68 km−2 (SE =
0.26) and 928 (SE = 356) for the PAC in 2016.
Coates et al. (2020) estimated an average raven
density and population size of 0.54 km−2 (SE =
0.07) and 403,346 (SE = 53,718) for the GBR during 2007−2016. In comparison, the BBS-derived
density and population size estimates averaged
0.44 km−2 (SE = 0.04) and 328,984 (SE = 33,141)
for the GBR during 2007−2016. The BBS-derived abundance estimates also seemed reasonable when compared with the most recent PIF
abundance estimates, which are also based on
the BBS route-level counts but use a different
abundance estimator (Stanton et al. 2019, Will
et al. 2020). For example, in Oregon with a land
area covering 254,810 km−2, the most recent PIF
abundance estimate of 130,000 (SE = 20,392)
resulted in a density of 0.51 km−2 (SE = 0.08).
Therefore, regardless of the above-mentioned
limitations, we suggest that the BBS-derived
abundance estimates sufficed for modeling
raven population dynamics and evaluating
PTL options at local and regional scales in the
western United States (e.g., Oregon’s PACs and
GBR sagebrush ecosystems; O’Neil et al. [2018],
Coates et al. [2020], USFWS [2021]).
Although we made a number of simplifying
assumptions (e.g., linear density dependence
and equal mortality probability, regardless of
age and sex class), the model generated reasonable posterior population parameter estimates
and abundance predictions. For example, using the demographic invariant method (Niel
and Lebreton 2005: eq. 15), and assuming 3
years as the age of first reproduction with adult
survival rates between 0.50 and 0.90 (Boarman and Heinrich 2020), maximum population
growth rate ranged from about 0.10 to 0.40,
which overlapped with the model rmax 2.5−97.5th
percentiles. In addition, the model was useful
for short-term abundance predictions under a
range of hypothetical scenarios, while explicitly
accounting for observation and process variance (Knape 2008). For example, under scenario
4, predicted abundance decreased during the
5-year control period in 2019−2023 (i.e., densities < 0.40 km−2) and increased to pre-take levels
during the 7-year recovery period in 2024−2030
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(densities > 0.40 km−2). Based on the model rmax
2.5−97.5th percentiles and with doubling time t =
ln(2)/rmax, we expected the PAC and GBR raven
populations to be resilient (sensu Pimm 1991)
and recover from takes above the MSY in 1−4
years.
In case of having 1 or more years without
survey-based count data, we can use the model
and missing-data imputation procedures to
generate abundance estimates (Gelman and
Hill 2007). We can generalize the model to
account for uncertainty due to nonlinear density
dependence (Johnson et al. 2012, Zimmerman
et al. 2019). We can make the model more
realistic with driving variables to account for
environmental fluctuations on parameters rmax
and K (Williams et al. 2002). In addition, we can
modify the model to incorporate takes from
different control methods. For example, nest
removal and baited toxicants can be effective
when raven nests are accessible and easy to
find within sage-grouse nesting areas similar
to the PAC (Peebles and Spencer 2020, USFWS
2021). In the model, parameter rmax represents
the exponential rate of increase of the PAC
and GBR raven populations at low densities
and under favorable environmental conditions
(i.e., in the absence of additive mortality from
natural and human-induced disturbances, and
with plenty of food and other resources needed
to maximize reproduction; Niel and Lebreton
2005, Zimmerman et al. 2019). Parameter K
represents the abundance levels above which
the raven populations tend to decline due to
the effects of density-dependent factors (e.g.,
the size of nesting territories and competition
for space to reproduce). Both population
parameters can be difficult to estimate with
variable survey-based count data collected
sporadically in fluctuating environments and
variable annual takes (Runge et al. 2009, Clark
et al. 2010, Johnson et al. 2012, Zimmerman
et al. 2019). For example, in Oregon during
2006−2017, the USFWS authorized the take of
11,657 ravens from which 4,808 were reported
taken, ranging from 415 authorized with 220
reported taken in 2015 to 2,764 authorized with
281 reported taken in 2011 (USFWS 2021).
The posterior estimates of maximum population growth rate and predicted abundance allowed us to evaluate a range of PTL options for
ravens in the PAC and GBR. For example, given
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the high abundance of ravens at the PAC in 2019,
wildlife managers could hypothetically opt for
management factor F = 2 and the PTL 50th percentile, so that takes would be above the MSY
and density would be below 0.40 km−2 during
the 5-year control period. Alternatively, they
could opt for F = 1 and the PTL 50th percentile,
so that takes would be near or at the MSY and
the raven population would tend to equilibrate
at about half of carrying capacity in the GBR
during the 5-year control period. Our modeling
framework allows managers to consider PTL
options and likely outcomes according to raven
population management objectives. However,
regardless of the objectives and options, and no
matter where raven takes are being considered
for authorization, targeted monitoring (sensu
Nichols and Williams 2006) using standardized
on-road and off-road survey-based abundance
estimates (Coates et al. 2020) is needed to guide
decision-making and evaluate the results of
control efforts (USFWS 2021).
Lastly, to strengthen causal inferences about
the success or failure of control efforts, we
suggest the use of quasi-experimental designs
(sensu Cook and Campbell 1979; e.g., multiple
time series with control and recovery periods;
James and McCulloch 1995: tables 2-1 and
2-2). We agree that reducing raven abundance
in human-altered environments requires the
effective combination of lethal and nonlethal
control methods, using the best technologies
and tools available to modify resource subsidies
within sage-grouse concentration areas (O’Neil
et al. 2018).

Management implications

Take authorizations require clear statements
of population management objectives, specification of spatiotemporal scales, options and
actions to be taken, and quantification of expected and realized outcomes through targeted
monitoring and modeling. To reduce raven
abundance in the western United States, the
USFWS and other federal and state partners
are developing a comprehensive management
strategy using a stepwise conceptual framework. Our modeling framework can be part of
the management strategy, particularly if standardized on-road and off-road survey-based
abundance estimates, corrected for changes in
detection probability, are available annually to

better understand raven population dynamics
and quantify the response to control efforts at
local and regional scales.
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